http: /www. jsjkx. com

DOI:10. 11896/jsjkx. 240400177

Sy THHF

R PR A TR XU R T ) B 5% 3t e 2 T I RO Bk A

BmaE BEE T KR 5
PARAAFREEEH RN EZ 2R ERFHEA LIRS
FRARKAFEREIE¥EK 4 100081

(22302018@muc. edu. cn)

Jb 3 100081

i E MELRABENRARLZHOMAE  ARKREFHFRL BERT PEALIRRFASZFML., AKX ER
MAEHFHKRERA L) EHE, LA ELETL, B, KA ILA 6 A K RGN F kb /T T RN B
HERATER FES AR TRELXZERF A TERASREARLCLAAAARARA TER YRR A FE WL LT HEELFT EOH
LM T AR EHE BRCE B LR BEAER, ME . NG T AW KRR TR AR P48 X A2 F 3Rt
— B PR TN F R R A RBTT A, RE. S TXIERAG T LR, FA ARG S AT
TRZ,

KR AR R KR TN 52 A TR R
RESES TP399

i

FIRAEFT

Research Progress and Challenges in Forest Fire Risk Prediction

YANG Jixiang,JIANG Huiping, WANG Sen and MA Xuan
Key Laboratory of Ethnic Language Intelligent Analysis and Security Governance of MOE, Minzu University of China,Beijing 100081, China

School of Information Engineering, Minzu University of China,Beijing 100071, China

Abstract With the intensification of global climate change and human activities, forest fire incidents have become increasingly
frequent, leading to severe ecological damage and socioeconomic losses. Forest fire risk prediction.as a primary measure for forest
fire management and monitoring,has significant importance. Therefore, this study conducts an in-depth analysis of existing forest
fire risk prediction methods. These methods are categorized into three types based on different data sources: models based on geo-
graphical environmental factors,models based on remote sensing and geographic information systems(GIS) ,and models based on
remote sensing imagery. The characteristics of each method are thoroughly summarized,and their research approaches,application
scopes.and specific requirements for data and algorithms are analyzed. Subsequently, this study introduces several datasets pro-
posed by relevant researchers in the field of forest fire risk prediction and compares the experimental results of the mentioned

prediction methods. Finally, the major issues associated with the three types of models are analyzed,and future research directions

are proposed.
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Fig. 1 Architecture diagram of forest fire prediction
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Table 1 Overview of datasets for forest fire prediction
ik HE % HAEEH 2 HE
[4] GEODATA DEM-9S B GRE i A B B8R 1km
[5] TerraClimate R EHAE CGRE I8 R AP AO /NF 5km
[6] Wildfires RAHE B (NDVD KRB AR (R & KB 3R # B 250 m,500m
[7] Sentinel-2 KK AR CK KRBT 5 B8 R B, e B3R E ) 10~60m
[8] WildfireDB KK AR P 8 2Ok KB S P B XA RE 30~375m
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Table 2 Models and research results of forest fire risk prediction
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